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Abstract: This paper investigates the influencing factors in passengers' multimodal traffic 
choice behaviors and provides a decision-making basis and improvement strategies. By 
collecting large individual-level data through a comprehensive field survey that was carried out 
at the major transportation hubs in Xi’an City in China from the 1st to the 10th of March 2018, 
we compared 21 variables from the data with four travel modes including air, high-speed rail 
(HSR), traditional passenger train, and express bus. Among the variables, 12 variables were 
used as the independent variables after the correlation analysis and the collinearity test, 
including age, car ownership, ticketing method, travel purpose, travel distance, fare rate, inter-
city travel time per hundred kilometers, safety, comfort, punctuality, access time, and departure 
time. The regression relationships between the travel mode choice and the independent 
variables were studied using Bayesian binomial logistic regression (BBL) and Bayesian 
multiple logistic regression (BMNL). The receiver operating characteristic (ROC) curve was 
applied to analyze the predictive performance of the regression models. The results show that 
the area under curve (AUC) of the ROC curves for the air travel, high-speed train, passenger 
train, and express bus using BMNL were 0.9785, 0.9263, 0.8614, and 0.9025, respectively. The 
AUC value of the ROC curve of the express bus using BBL was 0.8797, which indicated that 
the passenger travel choice models established by Bayesian logistic regressions had good 
prediction ability. In addition, we found that those 12 factors had significant and various 
influences on passengers’ multimodal choices. In particular, there were significant differences 
for factors such as travel distance, fare rate, inter-city travel time per hundred kilometers, safety, 
comfort, punctuality, and access time. The application of Bayesian logistic regression in traffic 
mode choice is beneficial to enriching the assessments of mode-choice behaviors, and the 
findings of this study can provide a basis for formulating traffic management strategies in 
practice for shareholders and policymakers. 
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1. Introduction 
The hubs of HSR stations and airports are an important symbol of a country's 
modernization and prosperity. These hubs have greatly improved the people's travel efficiency 
in China and they have become the main nodes of the national comprehensive transportation 
network. At present, the country has the world's longest HSR network (Börjesson, 2014; Li and 
Sheng, 2016). According to the outline of the thirteenth five-year plan for China's national 
economic and social development, HSR in China will reach about 30,000 kilometers in length. 
Furthermore, there will be more than 50 new-built civil airports in the next five years, which 
could potentially cultivate the intra-city and external-city connections for multiplex 
infrastructure systems and improve the efficiency of the multimodal transportation in the 
country. 
In connection to this, it is useful to explore the variety of different transportation modes 
in passenger transportation markets, such as express buses, HSR, traditional passenger trains, 
and airplanes, to reveal the significant factors that influence people’s mode choice for their 
travel behaviors, which could be valuable for shareholders to develop appropriate marketing 
strategies. At present, a large number of studies have explored the choice of inter-city passenger 
travel modes in the United States of America (Dobruszkes and Dehon, 2014), Europe 
(Börjesson, 2014; Mancuso and Paolo, 2014; Pellegrini and Rodriguez, 2013; Exel and 
Rietveld, 2009; Paha et al., 2013), Japan (Yao and Morikawa, 2005), Vietnam (Can, 2013), 
Taiwan, China (Hsu and Li, 2005; Wen et al., 2012; Cheng and Huang, 2014), Brazil (Scarpel, 
2014; Freitas, 2013). However, because the economic development levels, regional spatial 
ranges, demographic features, transportation modes, fares, and service levels vary from place 
to place, the findings and insights from the aforementioned studies may not be completely 
transferable across cases. In addition, an in-depth investigation of the characteristics of 
passengers’ mode choice behavior in Chinese cities is still needed. 
Many scholars have studied the factors affecting passengers' multimodal traffic choices 
using the dimensions of passengers' social and economic attributes, travel demand attributes, 
transport mode service level, and the accessibility of transportation hubs. According to 
excellent reviews on the study of travel mode choice published between 1980 and 2019 (Ewing 
et al., 2004; Commins and Nolan, 2011, Ben-Akiva, and Richards,1976; Lerman, and Ben-
Akiva,1976, Bocker et al., 2016; Liu et al.,2015; Koetse and Rietveld, 2009, Hsu and Li, 2005; 
Wen et al., 2012; Cheng and Huang, 2014), the independent variables have often been divided 
into two categories. The first category represents the characteristics of the travelers and the 
second category represents the traffic mode attributes. Specific indicators include gender 
(Abasahl et al., 2019; Meena et al., 2019), age (Meena et al., 2019), occupation (Meena et al., 
2019; Abasahl et al., 2019), monthly income (Bhat and Srinivasan, 2005; Can, 2013), having 
cars or not (Cheng et al., 2019), travel purpose (Can, 2013; Cheng et al., 2019), inter-city 
  
distance (Can, 2013; Li and Sheng, 2016), inter-city travel time (Can, 2013; Li and Sheng, 
2016), inter-city travel fare (Can, 2013; Li and Sheng, 2016), access time (Román et al.,2014, 
Zhou et al.,2019), access fare (Román et al.,2014, Zhou et al., 2019), departure time (Can, 2013; 
Zhou et al., 2019), and departure fare (Román et al., 2014, Zhou et al., 2019). 
However, in recent years, the widespread application of China’s mobile payments has 
emerged with fast payment methods such as Taobao, Wechat, and Union-pay (Cheng and 
Huang, 2014). It is very easy for passengers to get tickets through a booking system with 
computers and mobile phones in China. Many express bus companies have opened an online 
bookings function as well. Therefore, it is valuable to discuss whether the ticketing method 
affects the travel mode choice of passengers, which could be of great significance for 
improving the ticket service system of transportation enterprises. To our best knowledge, no 
previous studies have explored whether the ticketing method has an impact on the choice of 
passenger travel modes (Xu et al.,2018; Cirillo et al.,2018; Masoumi, 2019). More importantly, 
the subjective perception of passengers of the safety, comfort, and punctuality of the 
multimodal services may also affect the travel modes choice of the passengers (Can, 2013; 
Malokin et al., 2019; Sarkar and Mallikarjuna, 2018; Johansson et al., 2013). Thus, three 
subjective perception variables were also considered and explored in this research. 
The foundation of the traffic mode choice decision process is discrete choice analysis 
(Dow and Endersby,2004; Train, 2009). This analysis is based on the economic theory of 
stochastic utility, which assumes that a traveler chooses the most efficient traffic mode (Train, 
2009; Bhat, 1998; Bolduc, 1999). Due to the introduction of discrete choice analysis in solving 
transportation-related problems, it has been applied to various fields (Cohen and Harris,1998; 
Commins and Nolan, 2011). The focuses of these studies were concentrated on analyzing the 
behavior of the decision-making processes, such as mode choice (Bolduc, 1999; Bhat, 2000; 
Cohen and Harris,1998; Commins and Nolan, 2011;Dissanayake and Morikawa, 2005; Ewing 
et al.,2004; Habib, 2012), vehicle choice (Choo and Mokhtarian, 2004; McCarthy, 1996), and 
choice of destination (Fesenmaier, 1988; Nicolau and Más, 2006). The most widely used model 
is still based on the utility theory of the discrete choice model, Logit, Probit, and the related 
models (Li et al., 2015), which often use maximum likelihood estimation as a parameter 
estimation method. With the development of discrete choice modeling techniques and 
simulation algorithms, Bayesian parameter estimation methods have been developing and 
applied in the field of traffic safety (Sun et al., 2017; Yang et al., 2018; Guo,, 2018; Zhang et 
al., 2019; Afghari et al., 2019). These studies have shown that a Bayesian approach can better 
integrate the implicit sample information, obtain the parameter estimation with good statistical 
performance, and improve the model estimation efficiency (Zhang et al., 2019; Afghari et al., 
2019). However, Bayesian estimation has not been applied in the field of passenger travel mode 
choice and its prediction strength has not been investigated. 
To bridge the mentioned gaps, a Bayesian logistic regression was applied to examine how 
the characteristics of the tourists’ travel demand attributes and the other service attributes 
  
affected the passengers’ mode choice in this study. The tourists mentioned here are people from 
the Chinese domestic tourism market. The research survey data included a variety of travel 
purposes including vacation, visiting friends and relatives, business, and tourism. Because this 
survey was conducted in March, it also included some students travelling to their universities. 
The data were collected from 1400 passengers arriving in Xi'an, China. The effective sample 
size was 1232, which accounted for 88.00% of the total sample. The correlation analysis was 
used to initially screen the related variables extracted from the data, and a collinear test on the 
variables was conducted to select representative indicators as the independent variables. The 
ROC curve was used to evaluate the validity of the Bayesian logistic regression with the AUC 
value. This study was designed to aid understanding of the travel mode choice behavior in 
Xi'an, China, and the application of a Bayesian logistic regression model in the field of 
multimodal choice. 
The main contributions of this paper are summarized as follows: 
(1) The affecting factors in this research included not only the individual attribute 
characteristic, but also the passenger's ticketing method and the characteristics of 
accessibility, inter-city travel, departure, and subjective perception, which were more 
comprehensive compared with previous research (Yao and Morikawa, 2005; Freitas, 
2013; Hsu and Li, 2005; Mancuso,2014; Börjesson, 2014; Scarpel, 2014; Yang and 
Sung, 2010). 
(2) In this research, the applications of Bayesian binomial logistic regression and 
Bayesian multinomial logistic regression for the multimodal choice behavior of 
passengers were investigated, which bridged an application gap in the assessment 
model toolkit. 
(3) The study provides a new case investigation for the body of knowledge regarding a 
major city in Northwest China, which will benefit the community by providing up-to-
date empirical evidence. Most importantly, the approach we demonstrated in this study 
could be recommended to other cities with similar demographic and geographic traits. 
The remainder of the paper is organized as follows: Section 2 summarizes the variables 
selected in the travel model models, Section 3 describes the structure of the BBL and BMNL 
models as well as the evaluation and interpretation methods, Section 4 describes the survey and 
samples, Section 5 describes the data analysis and reveals the behavioral analysis of passengers 
related to the travel mode choice, and finally, Section 6 and Section 7 describe the discussion 
and conclusion. 
2. Variable selections 
This section demonstrates the reasoning for the selections of appropriate factors that might 
influence passengers’ travel choices. 
 
  
2.1. Dependent variable 
The dependent variable is a discrete variable that represents the choices on multiple travel 
modes. The choice set must meet three criteria of being (1) Limited, (2) Mutually exclusive, 
and (3) Collectively detailed (Can, 2013). Passengers can reach a destination by different 
modes, but this study only considered public transportation, including an express bus, high-
speed trains, traditional passenger trains, and airplanes. Other private modes of transportation, 
such as cars and motorcycles, were not included in this study. 
 
2.2. Independent variables 
The independent variables considered in this study mainly covered (1) Passengers’ 
individual-level characteristics, (2) Travel demand characteristics, (3) Ways to buy tickets, (4) 
Time, (5) Costs, and (6) Service quality variables. 
 
2.2.1. Individual-level characteristics 
Demographic variables, including gender, age, occupation, education, monthly income, 
and car ownership characteristics, are often used in a traffic pattern selection model (Ewing et 
al., 2004; Commins and Nolan, 2011, Ben-Akiva, and Richards,1976; Lerman, and Ben-
Akiva,1976,Bocker et al., 2016; Liu et al.). In some cases, the demographic variables have been 
found to be statistically significant, but they are often more useful for analyzing market 
segments (Lerman, and Ben-Akiva,1976, Bocker et al., 2016; Liu et al.). In this study, we refer 
to several recent references (Can, 2013; Scarpel, 2014; Freitas, 2013; Li and Sheng, 2016). Five 
typical individual attribute variables were investigated, namely gender, age, occupation, 
monthly income, and car ownership. 
 
2.2.2. Travel demand characteristics 
Travel demand is mainly reflected by the travel purpose and the destination. The travel 
destination determines the travel distance. Therefore, travel demand characteristics include two 
variables: travel purpose and distance. The travel purpose may have an important impact on 
the travel mode choice. For example, tourists who travel for leisure may choose a slow traffic 
mode because they do not have a high need for travel time. However, mandatory travel 
activities such as business and medical treatments are expected to have a shorter travel time 
and passengers may choose a fast transportation mode. In this study, the travel purpose was 
divided into mandatory and leisure travels. Travel distance may also have an important impact 
on the travel mode choice. In particular, travelers between remote cities tend to travel by flights 
or HSR rather than by buses (Can, 2013; Scarpel, 2014; Li and Sheng, 2016). Therefore, travel 
  
distance was also included in this study. 
 
2.2.3. Ticketing method 
Due to the different information degree of the ticketing system and the personal 
characteristics of the passengers, there were also different inclinations to use the purchasing 
method. The ticketing method could also affect the choice of passenger travel modes to some 
extent. In China's transportation booking system, the methods used to purchase tickets mainly 
include four types: telephone ticketing, online ticketing, counter ticketing, and intermediary 
ticketing. Due to the extremely low proportion of telephone and intermediary ticketing in the 
following survey, only online and counter ticketing were used in the study. 
 
2.2.4. Inter-city travel time, access time, and departure time 
A key variable that is often used is travel time (Bolduc,1999; Kraft and Kraft,1974; BLave, 
1969; McConnell and Strand,1981; Quarmby, 1967). Travel time reflects the total time from 
the starting point to the destination, not just the inter-city travel time from the departure to the 
destination (Kraft and Kraft,1974). Travel time has been well documented in many studies to 
clearly reflect the impact of each stage of travel time on the travel mode choice (Quarmby,1967; 
Koppelman and Bhat,2006; Rassam and Bennett,1971). In fact, the walking time and the 
waiting time in transportation hubs are also a part of travel time. However, it was not practical 
to obtain the walking and waiting time in this study because the passengers we surveyed 
normally could not recall such detailed information. Hence, the data for the access time, inter-
city travel time, and departure time were collected during the surveys. 
We define the inter-city travel time as the difference between the departure time of the 
passenger at the starting transportation hub and the arrival time of the passenger at the 
destination transportation hub, which reflect the actual inter-city duration time (Zorn et al., 
2012). In addition, the access time refers to the time from the city starting point to the 
transportation hub; it does not include the time spent in the transportation hub of the origin city 
(Koppelman and Bhat, 2006). The departure time refers to the time from the destination city’s 
transportation hub to the destination point, which does not include the walking and waiting 
time in the transportation hub of the destination city. 
 To eliminate the potential multi-collinearity between the inter-city travel time and the 
travel distance, the inter-city travel time was standardized by the travel distance, and a variable 
labeled as the inter-city travel time per kilometer was generated. 
 
2.2.5. Inter-city travel cost, access cost, and departure cost 
Travel expense is also a widely used variable in the mode choice model and it is closely 
related to distance (Kraft and Kraft,1974; Lave, 1969; Quarmby, 1967). Therefore, to avoid 
multicollinearity between the inter-city travel cost and the travel distance, the travel cost was 
  
also standardized by the travel distance. In addition, the inter-city travel cost did not include 
the access cost and departure cost in the city. Because these two expenses had a limited 
influence on the travel distance, they were not standardized by the travel distance (Can, 2013). 
 
2.2.6. Service quality of inter-city transportation modes 
According to a study conducted by Litman (Litman, 2008), ‘‘A minute spent in unpleasant 
conditions waiting for a bus may seem like an hour, while an hour spent working, resting, or 
conversing while traveling on a comfortable bus or train may seem pleasant or even delightful.’’ 
This refers to an important effect of modal service quality on the decision-making process. A 
mode with better service quality will naturally be much more likely to be chosen by travelers. 
The modal service quality is normally rated subjectively through travelers’ experience or their 
perception of the modes’ service attributes. These attributes may include safety, comfort, 
convenience, punctuality, reliability, and other factors (Johansson et al., 2006; Koppelman et 
al., 1993; Litman, 2008, Can, 2013). In this study, safety, comfort, and punctuality were 
considered as the variables. 
 
3. Methodology 
The purpose of this study was to explore the factors that affected passengers' multimodal 
choices. Discrete outcome modeling techniques were used as the dependent variables. The 
study developed two Bayesian logistic regressions, including the Bayesian binary Logit model 
and the Bayesian multinomial Logit model. Bayesian methods are advocated for model 
estimation because they are known to be able to handle complex models and they result in 
better accuracy (Guo et al., 2018). Compared with the traditional likelihood-based discrete 
choice model, the Bayesian method takes the parameters as random variables and provides the 
complete uncertainty of the parameters through the posterior distribution (Zhang et al., 2019; 
Afghari et al., 2019). In addition, traditional perspectives on training a logistic regression modal 
such as multinomial logistic and binomial logistic regressions cannot allow the combination of 
training data with prior domain knowledge (Madigan, D. et al., 2005). The Bayesian method 
can avoid the numerically cumbersome likelihood function maximizations (Huber and Train, 
2001; Xu et al., 2015) and over-fitting problems (Lee et al., 2003) to improve prediction 
accuracy. 
 
3.1 Bayesian Binomial Logit model 
A BBL model was established. To determine the relevant factors of passenger multimodal 
traffic, the BBL model provided a flexible structure that allowed the parameters to follow the 
posterior distribution. The BBL model could be written as: 
 ,                          (1) ( )i iY Bernoulli P=
  
.            (2) 
Equation (3) can be written as 
(3)
where  is expressed as the  transportation mode (if the transportation mode is selected, it 
is equal to 1, if no choice is selected, it is equal to 0), denotes the choice probability for the 
mode of transportation , indicates the value of the variable k for the mode of 
transportation , and  represents the coefficient of the variable . 
  The likelihood function can be expressed as 

(4)
where and is a parameter vector. 
A Bayesian inference method based on Markov Chain Monte Carlo (MCMC) method was 
adopted to simulate the posterior distribution of . The estimate of the mean, standard 
deviation, and quartile of the parameters of each explanatory variable parameter could be 
determined by the posterior distribution provided by the Bayesian method (Guo et al., 2018). 
Based on the specification of the Bayesian theorem, the posterior distribution of the parameters 
could be estimated using the following function: 
(5)
where denotes the posterior joint distribution of the  parameters conditional on 
dataset y. represents the joint probability distribution of dataset y and the  model 
parameters. is the likelihood conditional on the  parameters specified by Eq. (4). 
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The  function is the prior distribution of the  parameters. The following non-
informative prior distributions were used: 
,                              (6)
where is the  vector of zeros and represents the  identity matrices. 
Based on the specification of the prior distributions for the  parameters, the posterior 
joint distribution can be derived as 
 (7)
To generate realizations from the posterior joint distribution , the metropolis–
hasting sampling approach sequentially draws parameters from Eq. (8). 
 
3.2 Bayesian Multinomial Logit model 
The BMNL model is an extension of the BBL model. There are more than two choices for 
dependent variables in the BMNL model. These choices are coded in a categorical manner, 
with one of the categories being used as a reference category. This study established a BMNL 
model to determine how various factors influenced the passenger's choice of transportation. 
The BMNL model can be written as 
(8)
where expresses the passenger ’s choice of transportation , indicates the value of 
the variable k for the sample , is the coefficient of the variable , and the likelihood 
function of BMNL can be written as 
(9)
where and is the parameter vector. 
Similarly, the following non-informative prior distributions for parameter  were used: 
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,                           (10)
where is the  vector of zeros and represents the identity matrices. 
The posterior joint distribution can be derived as 
(11) 
where  is the transportation, and  is defined as being equal to 1 if the observed discrete 
outcome for passenger  is , and it is zero otherwise. 
 
3.3 Model accuracy evaluation 
In this study, the ROC curve and the percent of correct predictions were both used for 
model evaluation. The ROC curve was plotted on the ordinate with the true positive rate 
(sensitivity) and on the abscissa with the false positive rate (1-specificity). The area under the 
ROC curve is called the AUC value, and it can measure the prediction accuracy of the model. 
Theoretically, the AUC value ranges from 0.5 to 1. If the area under the ROC curve is between 
0.5 and 0.7, it indicates that the prediction accuracy is low. If the area under the ROC curve is 
between 0.70 and 0.90, it indicates that the prediction accuracy is medium. If the area under 
the ROC is above 0.90, it indicates that the prediction accuracy is high (Xu et al., 2015; Yang 
et al., 2018). However, in this study the parameter accuracy that was the percent of correct 
predictions was also used for assessing the prediction performance of the models. 
 
3.4 Odds ratio 
In this study, the odds ratio (OR) was used to quantify the effect of the explanatory 
variables on the results. The OR was calculated for variables of interest in the Bayesian logistic 
regressions. The OR of an explanatory variable represents the increase in the odds of the 
outcome if the value of the variable increases by one unit (Washington et al.,2003; Guo et al., 
2018). The OR for a variable in the Bayesian Logistic Regressions could be calculated as 
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4. Data collection and description 
4.1. Background information 
The research object was the passengers entering and leaving Xi'an. The city, formerly 
known as Chang'an, is the capital city of Shaanxi province and the core city of the Guanzhong 
region. The city is also known as the starting point of the Silk Road and the core area of the 
“Belt and Road Initiative” in the western part of China. By the end of 2018, the resident 
population in Xi’an was 10,037,700, and the resident population's urbanization rate was 
74.01%. 
 
  
Figure 1 Number of passengers in Xi'an from 2013 to 2017 
 
Xi'an is one of the famous tourist destinations in China. There are six world heritage sites 
and famous scenic spots such as the Xi'an city wall and the bell and drum tower. In recent years, 
the number of inter-city passengers traveling in Xi’an has grown rapidly, which is shown in 
Fig. 1 (China business industry institute, 2018). During 2010–2018, the annual growth rate of 
domestic tourism was 15% (China business industry institute, 2018). With the massive 
construction of the Xi'an HSR and the rapid increase in the number of tourists in Xi'an, the 
transportation mode that meets the travel needs of tourists is also more diverse. Visitors can 
choose a variety of modes of transportation to Xi'an, such as express buses, HSR, trains, 
airplanes, and self-driving cars. Of these modes, express buses, HSR, trains, and airplanes are 
the means of transportation that tourists often use. 
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4.2. Design of the questionnaire 
Based on previous references and advice from experts, the questionnaire was designed to 
align the information in the survey with the objectives of this study. However, the length of the 
questionnaire and the accuracy of the responses were also considered. We assumed that all 
visitors faced the same set of generic alternatives, which included four options: express bus, 
train, HSR, and airplane. They were coded as follows: 4 = express bus, 3 = train, 2 = HSR, 1 = 
airplane. In the survey questionnaire, the passengers ticked the relevant boxes according to 
their actual travel mode. Because the express bus was still a common travel method for 
passengers in China, the express bus was taken as a reference category for the travel modes in 
the study. 
The essence of the passenger travel decision-making process is a complex process that 
involves repeated analysis and comparison between factors. According to the chronological 
order, this study divided the passenger travel decision-making process into four stages. The 
first stage was the passenger ticketing phase. The second stage was the external transportation 
hub from the departure point to the city where the passengers were located, including the access 
and transit phases. The third stage was that passengers choosing the mode of transportation to 
reach the destination city's external transportation hub, which was called the inter-city travel 
stage. The fourth stage was the process from the external transportation hub of the destination 
city to the destination. The entire process of decision making for passenger travel is shown in 
Figure 2. 
The second stage had long travel distance and high travel cost. Different transportation 
modes had different supply characteristics, which were manifested in the fares, running time, 
safety, comfort, and punctuality that had different attractions for tourists. At the same time, 
passengers also needed to consider their own conditions, including affordability, travel 
purposes, etc., and comprehensively determine which transportation mode should be taken to 
complete the trip. In addition, factors such as the first stage, the second stage, the fourth stage 
of the ticketing method, the distribution method time, and the medium conversion 
multiplication may also have had an impact on the passenger travel choices. 
 
  
 
Figure 2 Passengers’ travel process 
 
We designed a questionnaire based on the individual characteristics of the passengers, the 
travel demand characteristics, the ticketing characteristics, the access characteristics, the inter-
city travel characteristics, the inter-city travel service quality perception characteristics, and the 
departure characteristics. 
(1) The individual characteristics included variables such as gender, age, occupation, 
monthly income, and car ownership. Gender was coded as “male = 1, female = 0.. Age was 
divided into “0–19,” “20–29,” “30–39,” “40–49,” “50–59,” and “60 and above,” and the ages 
were coded as 1, 2, 3, 4, 5, and 6. Occupation combined with the actual situation of Xi'an was 
divided into enterprise units, the personnel of institutions, students, farmers, self-employed 
households, and others, which were coded as 1 to 6, respectively. Monthly income was divided 
into “0–3000 yuan,” “3000–4000 yuan,” “4000–5000 yuan,” “5000–6000 yuan,” “6000–7000 
yuan,” and “7000 yuan or more,” which were respectively coded as 1 to 6 as well. 
(2) The travel demand characteristics included two variables: travel destination and travel 
distance. The travel purpose was divided into six categories: business, school, tourism, visiting 
relatives and friends, returning, and other categories. Business, school, and returning were 
classified as compulsory travel, tourism, and visiting relatives, and the other categories were 
classified as leisure travel. In the questionnaire, the traveler's travel origin, destination, and 
travel time were also investigated. The travel distance was comprehensively determined on the 
Baidu map by the travel origin, destination, and travel mode (Baidu company, 2018). 
(3) The ticketing method included four types: telephone ticketing, online ticketing, ticket 
counter, and intermediary purchase ticket. During the pre-investigation process, it was found 
that the proportion of telephone ticketing and intermediary purchase tickets was extremely low. 
Thus, in the formal investigation, the classification of the ticketing method was divided into 
two categories: online ticketing and the ticket counter. The online ticketing was coded as 1, and 
the counter ticketing was coded as 0. 
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(4) The access characteristics included three variables: access mode, access time, and 
access cost. Because the access modes for the inter-city modes were slightly different, the 
access modes were divided into two categories of public transportation and car in this study, 
which facilitated the subsequent comparative analysis. In the process of the actual investigation, 
passengers often did not know their exact access time. Therefore, the access time was classified 
as a category variable after pre-investigation, including five categories: “0–30 min,” “30–60 
min,” and “60–90 min,” which were respectively coded as 1, 2, and 3. The access cost, as a 
continuous variable, was collected as the actual cost of the passenger arriving at the station. 
(5) The inter-city travel characteristics included the inter-city travel modes, inter-city 
travel time, inter-city travel cost, and other variables. The travel mode, inter-city travel time, 
inter-city travel cost, and other information could be obtained in the survey questionnaires. The 
inter-city travel mode was the passenger’s actual travel mode. It was treated as a dependent 
variable, including the express bus, train, HSR, and airplane. The codes were as shown above: 
4 = express bus, 3 = train, 2 = HSR, and 1 = airplane. The inter-city travel time was 
comprehensively determined by the origin, destination, travel mode, and its number, 
considering the strong correlation between the travel distance and the inter-city travel cost and 
inter-city travel time. In the subsequent data processing process, the inter-city travel cost and 
the inter-city travel time were divided by the travel distance to generate two variables: Rate 
and inter-city travel time per unit mileage. 
(6) The service quality perception characteristics included three subjective perceptual 
variables of safety, comfort, and punctuality. These three variables were measured using the 
Likert scale method (Harpe, 2015; Wadgave and Khairnar, 2016), and the subjective perceptual 
evaluation of the passengers was collected by using a common five-degree scale. Comfort was 
divided into five degrees, including very uncomfortable, uncomfortable, general, comfortable, 
and very comfortable, which were coded as 1, 2, 3, 4, and 5, respectively. The passengers chose 
the degree according to their actual perception. The measurements of safety and punctuality 
were scaled in the same way as comfort. 
(7) The departure characteristics, similar to the access characteristics, included three 
variables: departure mode, departure time, and departure cost. The departure modes were 
divided into two categories of public transportation and car in this study. Public transportation 
was coded as 1 and the car was coded as 0. The departure time was also converted into a 
category variable after the preliminary investigation, including five categories of “0–30 min,” 
“30–60 min,” and “60–90 min,” respectively. They were then coded as 1, 2, and 3, accordingly. 
Passengers made their choices according to their actual situation. The departure cost was the 
actual cost for passengers to leave the station and arrive at their destination, which was filled 
in by the passengers according to the actual situation. 
 
  
4.3. Sample size 
In the process of sampling surveys, the number of samples is the direct influencing factor 
for ensuring the sampling error, and the sampling error determines the credibility of the sample 
(Washington et al., 2003; Ko et al.,2019; Haggar et al.,2019). Therefore, a scientific sample 
number can ensure that the sampling error does not exceed a given range and it can control bias 
as much as possible. 
The sample number can be calculated by 
.         (13) 
In the formula,  is the number of samples, z is the value corresponding to the 
confidence level, s is the standard deviation, e is the error bound, and n represents the total 
number of surveys. 
According to the 95% confidence level, the value corresponding to the confidence level z 
was 1.96. The standard deviation value s was 0.5. e was the error limit, and its value was 0.03. 
The number of passengers in Xi'an was about 18,093,140 in 2018. According to Formula (13), 
n was calculated as 1,067. Considering the certain error in the questionnaire, the sampling 
number was determined to be 1400. After processing the samples, 1232 completely valid 
samples were obtained that could meet the requirements of subsequent modeling. In this study, 
80% of the samples of each transportation mode were randomly selected and used for 
calculation, and another 20% were used for validation. 
 
4.4. Field surveys 
Using the questionnaire designed above, data were collected through face-to-face 
interviews, which included two phases. The first phase was a trial to improve the clarity, 
effectiveness, and content of the questionnaire. At this stage, the questionnaire had consulted 
50 passengers after receiving their feedback. The access time and the departure time were 
discretized and the travel purpose and career options were optimized. The final standard 
version of the questionnaire was then used in the next stage of the survey. The formal survey 
was carried out with the support of twelve well-trained volunteers. The surveys were conducted 
at Xi'an Xianyang international airport, the north railway station (the HSR station), the Xi'an 
railway station, and the Xi'an highway passenger station from the 1st to the 10th of March, 
2018. The weather condition during the survey was sunny and good. 
The survey used random sampling techniques (Campbell et al.,2016; Cherry and Cervero, 
2007). Investigators were instructed to randomly select one person for investigation out of 
every five passengers travelling through their sampling area regardless of gender, age, and other 
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factors. The investigator first explained the purpose of the survey to the respondents and then 
invited them to participate in the survey. Respondents were assured that participation was 
voluntary and their responses would be anonymous. During the investigation, investigators 
stayed nearby to help respondents explain any issues. The completion time of the questionnaire 
was about 15 minutes. After completing the questionnaire survey, the respondents received a 
small gift as a reward. 
 
5. Results 
5.1. Survey results 
In total, 1400 questionnaires were randomly distributed. Initially, 1322 questionnaires 
were effectively collected in the survey. In the data quality inspection process, the 
questionnaires with the following problems were excluded: (1) The key information was 
incomplete; (2) The starting point or the destination was not in Xi'an city; or (3) There are 
contradictions. During the cleaning and denoising of the raw data, the missing data were 
eliminated, and finally, 985 sets of data information were taken as calculating data for the 
model calibration, and other data points were taken as a validation dataset. The information 
items included passenger travel information ID, gender, age, occupation, monthly income, 
private car, travel destination, travel distance, ticketing method, access mode, access time, 
access cost, inter-city travel mode, inter-city travel time, inter-city travel cost, safety, comfort, 
punctuality, departure mode, departure time, and departure cost. 
The statistics results showed that the proportions of males and females in the survey 
sample were 57.8% and 42.2%, respectively. The young and middle-aged people were mainly 
aged 20–59, and the middle and low-income passengers made up the highest sample proportion. 
The passengers mainly purchased tickets online, with a proportion of 80%. The proportion of 
leisure travel was slightly higher than the proportion of mandatory travel. The description of 
the categorical variable data is shown in Table 1, and the data description of the continuous 
variables is shown in Table 2. 
 
Table 1 Descriptive statistics of categorical variables 
Category variable Category Unit Frequency Proportion/% 
Dependent     
Transportation  Airplane / 161 16.3 
modes HSR / 369 37.5 
 Train / 299 30.4 
 Express bus / 156 15.8 
Independent     
Gender Male / 569 57.8 
  
 Female / 416 42.2 
Age <19 Year 23 2.3 
 20-29 Year 407 41.3 
 30-39 Year 319 32.4 
 40-49 Year 154 15.6 
 50-59 Year 65 6.6 
 60 and above Year 17 1.7 
Career 
Enterprise unit 
personnel / 213 21.6 
 
Institutions and 
institutions / 174 17.7 
 Student / 278 28.2 
 Farmer / 57 5.8 
 Self-employed / 143 14.5 
 Other / 120 12.2 
Monthly income ˂3 Thousand yuan 308 31.3 
 3-4 Thousand yuan 188 19.1 
 4-5 Thousand yuan 254 25.8 
 5-6 Thousand yuan 141 14.3 
 6-7 Thousand yuan 33 3.4 
 >7 Thousand yuan 61 6.2 
car ownership Yes / 453 46 
 No / 532 54 
Ticketing method Counter / 197 20 
 Online / 788 80 
Travel purpose Mandatory travel / 474 48.1 
 Leisure travel / 511 51.9 
Access mode Public transit / 677 68.7 
 Car / 308 31.3 
Access time 0-30 Minute 318 32.3 
 30-60 Minute 363 36.9 
 60-90 Minute 304 30.9 
Departure mode Public transit / 713 72.4 
 Car / 272 27.6 
Departure time 0-30 Minute 489 49.6 
 30-60 Minute 322 32.7 
 60-90 Minute 173 17.6 
 
Table 2 Descriptive statistics of continuous variables 
Continuous variables Unit Min  Max Mean S.D 
Travel distance Km 160 2831 796.56 590.4000 
Inter-city travel cost Yuan 7 2600 304.9500 313.5550 
Inter-city travel time Hour 0.2200 52 6.3819 6.3711 
Rate per kilometer Yuan/km 0.0102 18.1500 0.4252 0.7848 
  
Inter-city travel time per kilometer Hour/km 0.0002 1.5000 0.0145 0.0571 
Access cost Yuan 1 300 13.8081 11.5200 
Departure cost Yuan 1 200 19.2477 11.8700 
Safety / 2 5 4.1117 0.7183 
Comfort / 1 5 3.7878 0.8094 
Punctuality / 2 5 3.8386 0.7485 
 
5.2. Comparison of the independent variables 
5.2.1. Individual attribute characteristics 
Table 3 shows that the proportion of male passengers in all modes of transportation was 
higher than the proportion of female passengers. The proportions of male passengers in the 
airplane, HSR, train, and the express bus were 61.50%, 55.60%, 55.50%, and 63.50%, 
respectively, which indicated that the relative active travel of men was higher than that of 
women in Chinese society. 
The age structure of the passengers in various modes of transportation was not very 
different; the ages were mainly concentrated in range of 21–50 years old, of which 21–40 year-
olds had the highest proportion, reaching 73.20%. 
The passenger occupations were mainly based on enterprises, institutions, self-employed 
persons, and students, accounting for 72% of the total number of surveyed passengers. Among 
them, the proportion of aircraft and HSR passengers in enterprises and institutions was higher, 
accounted for 48.50% and 43.60% of the surveyed population, respectively. The bus passengers 
accounted for the highest proportion of 51.90%, followed by self-employed persons, who 
accounted for 12%. The distribution of various professional passengers among railway 
passengers was relatively balanced. 
The monthly incomes of 0–3000 yuan, 3000–4000 yuan, 4000–5000 yuan, 5000–6000 
yuan, 6000–7000 yuan, and 7000 yuan or more for the passengers accounted for 31.50%, 
18.80%, 26%, 14%, 4%, and 6%, respectively, of the people surveyed. The income structure 
of urban and rural residents in China is essentially the same. The average monthly income of 
the airplane passengers was 4000–6000 yuan, which accounted for 53% of those surveyed and 
the highest monthly income of the HSR passengers was 3000–5000 yuan, which accounted for 
60% of those surveyed. The train and express bus passengers had the highest proportion of 
passengers with a monthly income of 0–3000 yuan, 37% and 55%, respectively. 
Car ownership is an important factor influencing the choice of regional travel modes. 
According to the sample survey, the proportions of private car passengers among the airplane, 
HSR, train, and express bus passengers were 57.80%, 47.70%, 48.2%, and 25.60%, 
respectively. It can be seen that the proportion of passengers with private cars was the highest 
among the aircraft passengers. The proportion of private cars among the high-speed bus 
passengers was low. 
  
 
Table 3 Distribution characteristics of individual attribute variables 
Variable Category 
Frequency 
Airplane HSR Train Express bus Total 
Gender Female 62 164 133 57 416 
 Male 99 205 166 99 569 
Age 0-20 1 10 7 5 23 
 21-30 52 126 149 87 414 
 31-40 60 136 93 33 322 
 41-50 33 68 38 20 159 
 50-60 14 34 16 6 70 
 60 or more 3 5 4 6 18 
Career Business personnel 47 78 71 17 213 
 Institutional staff 31 83 43 17 174 
 Student 34 82 81 81 278 
 Farmer 8 22 22 5 57 
 Self-employed 26 51 48 18 143 
 Other 15 53 34 18 120 
Monthly income ˂3 34 83 114 86 317 
 3-4 22 104 45 18 189 
 4-5 49 123 57 28 257 
 5-6 37 42 47 17 143 
 6-7 7 13 16 0 36 
 >7 14 14 28 8 64 
car ownership 
Yes 93 176 144 40 453 
No 68 193 155 116 532 
 
5.2.2. Travel demand characteristics 
Table 4 shows that the travel demands of the regional passengers were mainly based on 
business, tourism, visiting relatives and friends, and returning, which accounted for 82% of 
those surveyed. The proportion of tourist travel in airplane passenger flow was the highest, at 
36%, followed by business, which accounted for 32%. HSR passengers accounted for the 
highest proportion of travel, followed by business and visiting relatives, where the proportions 
of passengers were 37%, 27%, and 15%. The proportion of return passengers in the train 
passenger flow was the highest, accounting for 26%, followed by tourism, which accounted for 
24%. The distribution of travel destinations in the express bus passenger flow was relatively 
balanced. In addition, the type of travel activity was classified into mandatory travel and leisure 
travel. Overall, the proportion of leisure travel was slightly higher than that of mandatory travel. 
Table 5 shows that the average travel distances of the airplane, HSR, train, and express 
bus were approximately 1392 km, 848 km, 648 km, and 336 km, respectively. The advantage 
of the aircraft was long-distance travel, the advantage of HSR and ordinary railway trains was 
medium-distance travel, and the advantage of buses was short-distance travel. 
  
 
Table 4 Distribution characteristics of travel purposes 
Variable Category 
Frequency 
Airplane HSR Train Express bus Total 
Travel purpose Business 52 103 53 13 221 
 Go to school 11 22 25 29 87 
 Tourism 58 139 73 28 298 
 Visiting friends 13 57 39 32 141 
 Return 23 33 81 35 172 
 Other 6 25 36 20 87 
Travel purpose Mandatory travel 86 156 155 77 474 
 Leisure travel 75 213 144 79 511 
 
Table 5 Descriptive statistics of travel distance 
Variable Travel mode Mean S. D Min Max 
Travel distance Airplane 1392 551.97 141 2831 
 HSR 848 473.09 23 2360 
 Train 648 564.56 16 2801 
 Express bus 336 351.05 27 1630 
 Total 796 590.40 16 2831 
 
5.2.3. Ticketing method 
Table 6 shows that 80% of the passengers used online ticketing and 20% of the passengers 
used ticketing points to purchase tickets. Among the passengers, 98.8% of the airplane 
passengers used online ticketing, 87.80% of the HSR passengers used online ticketing, 71.20% 
of the train passengers used online ticketing, 28.80% of the passengers use ticketing points, 59% 
of the express bus passengers used online ticketing, and 41% of the passengers used ticketing 
points to purchase tickets. 
 
Table 6 Distribution characteristic of ticketing methods 
Variable Category 
Frequency 
Airplane HSR Train Express bus Total 
Ticketing method Online ticketing 159 324 213 92 788 
 Counter ticketing  2 45 86 64 197 
 
5.2.4. Access characteristics 
Table 7 shows that car arrivals accounted for the highest proportion of airplane passengers, 
which was 41.6%. The proportions of the bus arrivals at the HSR and the express bus 
passengers were higher, 71.3% and 78.8%. The proportion of taking the bus to the station in 
the passenger flow of the train was 65.9%, slightly higher than the passenger flow of the 
airplane. Table 7 shows that the passenger access time of the airplane had the highest proportion 
  
of 60–90 min, which accounted for 50.90% of the surveyed population. The second highest 
proportion was 30–60 min, accounting for 31.90% of those surveyed. The access time of HSR 
passenger flow was the highest for 30–60 min (45.60%), followed by 0–30 min (29%). The 
time distribution of the passengers arriving at the train was relatively balanced. The proportions 
of 0–30 min, 30–60 min, and 60–90 min were 35.20%, 32.20%, and 32.60%, respectively. The 
access time of the express bus was the highest for 0–30 min, accounting for 50.30% of the 
surveyed population, followed by 30–60 min (29.30% of the surveyed population). Table 8 
shows that the access times of the passengers by plane were higher than those of the high-speed 
train and the train was, and the access time of the passengers by bus was the lowest. 
 
Table 7 Distribution characteristic of access mode and time 
Variable Category 
Frequency 
Airplane HSR Train Express bus Total 
Access mode Public transit 94 263 197 123 677 
 Car 67 106 102 33 308 
Access time 0-30 28 109 108 79 324 
 30-60 52 173 99 46 370 
 60-90 83 97 100 32 312 
 
Table 8 Descriptive statistics of access time and access cost 
Variable Travel mode Mean S.D. Min Max 
Access time Airplane 2.34 0.76 1 3 
 HSR 1.97 0.74 1 3 
 Train 1.97 0.82 1 3 
 Express bus 1.70 0.79 1 3 
 Overall 1.99 0.80 1 3 
Access cost Airplane 24.10 30.66 0 200 
 HSR 5.36 7.37 0 80 
 Train 13.15 26.44 0 300 
 Express bus 4.68 7.99 0 54 
 Overall 11.31 21.77 0 300 
 
5.2.5. Inter-city travel characteristics 
Table 9 shows that the average costs for the passenger airplane, HSR, train, and express 
bus were 705 yuan, 344 yuan, 151 yuan, 90 yuan, and the average rates were 0.56, 0.47, 0.32, 
0.37, respectively. This indicates that (1) taking an airplane involved high-cost trips, (2) taking 
HSR involved medium-to-high-cost trips, and (3) taking the train and the express bus were 
medium-to-low-cost trips. 
Inter-city travel time is a concentrated reflection of the transportation distance and the 
running speed of various modes of transportation. Table 9 shows that the inter-city average 
  
travel times of the passenger airplane, HSR, train, and express bus were 2.98 h, 6.10 h, 9.17 h, 
5.24 h. The inter-city travel times per kilometer were 0.0024 h/km, 0.0090 h/km, 0.0179 h/km, 
and 0.0206 h/km, respectively. 
 
Table 9 Descriptive statistics of urban transit characteristic variables 
Variable Travel mode Mean S.D. Min  Max 
Inter-city travel cost Airplane 705.31 386.59 22 2600 
 HSR 344.99 260.48 13 1628 
 Train 151.89 141.32 7 739 
 Express bus 90.44 92.66 7 436 
 Total 304.95 313.56 7 2600 
Rate per kilometer Airplane 0.56 0.35 0.15 1.90 
 HSR 0.4739 1.08 0.04 18.15 
 Train 0.3213 0.63 0.10 7.89 
 Express bus 0.3697 0.43 0.05 4.76 
 Total 0.4252 0.78 0.04 18.15 
Inter-city travel time Airplane 2.9819 2.03 0.25 15 
 HSR 6.1097 4.63 0.22 52 
 Train 9.1700 8.35 0.25 40 
 Express bus 5.2446 6.39 0.67 33 
 Total 6.3819 6.37 0.22 52 
Inter-city travel time per kilometer 
Airplane 0.0024 0.0022 0.0002 0.0159 
HSR 0.0090 0.0248 0.0007 0.3444 
 Train 0.0179 0.0286 0.0003 0.4737 
 Express bus 0.0206 0.0194 0.0020 0.1905 
 Total 0.0124 0.0240 0.0002 0.4737 
 
5.2.6. Quality of service characteristics 
According to Table 10, passengers believe that the safety of HSR is the highest for 
passengers with multimodal traffic. The second is the airplane, the train, and the express bus. 
The passengers think that the airplane has the highest comfort. For HSR, train and express bus, 
passengers believe that the HSR is the best in terms of punctuality, followed by train, airplane 
and express bus. 
 
Table 10 Descriptive statistics of service quality perception variables 
Variable Travel mode Mean S.D. Min Max 
Safety Airplane 4.26 0.68 2 5 
 HSR 4.35 0.64 3 5 
 Train 3.92 0.68 2 5 
 Express bus 3.76 0.75 2 5 
 Total 4.11 0.72 2 5 
Comfort Airplane 4.08 0.72 2 5 
  
 HSR 4.06 0.66 2 5 
 Train 3.58 0.75 1 5 
 Express bus 3.24 0.94 1 5 
 Total 3.79 0.81 1 5 
Punctuality Airplane 3.68 0.71 2 5 
 HSR 4.10 0.71 2 5 
 Train 3.78 0.73 2 5 
 Express bus 3.49 0.71 2 5 
 Total 3.84 0.75 2 5 
 
5.2.7. Departure characteristics 
Table 11 shows that the proportion of passengers leaving the station by car was 51.30%, 
which was slightly higher than the 48.70% proportion for public transportation. For the 
passengers of HSR, the proportion of a bus leaving the station was the highest (80.50%), which 
was much higher than the proportion of a car leaving the station, which was 19.50%. The 
proportions of a bus leaving the station for the train and the express bus were 71.6% and 
69.20%, respectively. The passenger departure time of the airplane was mainly distributed in 
the highest proportion of 30–60 min, the proportion of which was 45.40%. The distribution 
time of the HSR passengers was the highest for 0–30 min, accounted for 48.80% of those 
surveyed, followed by the proportion for 30–60 min (32.20%). The departure times for the train 
passengers were concentrated within 0~30 min, accounting for 56.70% of those surveyed, 
followed by 30–60 min, accounting for 33.60% of those surveyed. The times of the express 
bus passengers were mainly from 0 to 30 min (71.20% of the number of people surveyed), 
followed by 30 to 60 min (19.20% of the number of people surveyed). Table 11 shows that the 
departure time of passengers by airplane was higher than that of HSR and the train, while the 
departure time of the passengers by express bus was the minimum. 
 
Table 11 Distribution characteristics of departure mode and departure time 
Variable Category 
Frequency 
Airplane HSR Train EB Total 
Departure mode 
Public 
transit 94 297 214 108 713 
 Car 67 72 85 48 272 
Departure time 0-30 31 185 174 111 501 
 30-60 74 122 103 30 329 
 60-90 58 72 30 15 175 
 
Table 12 Descriptive statistics of departure time and departure cost 
Variable Travel mode Mean S.D. Min Max 
Departure time 
Airplane 2.16 0.72 1 3 
HSR 1.71 0.77 1 3 
  
 Train 1.54 0.67 1 3 
 Express bus 1.39 0.66 1 3 
 Overall 1.68 0.76 1 3 
Departure cost 
Airplane 30.91 35.52 0 150 
HSR 10.31 14.86 0 120 
 Train 10.47 14.72 0 150 
 Express bus 8.52 12.53 0 100 
 Overall 13.46 20.95 0 150 
 
5.3. Determination of independent variables, parameter estimation, and 
choice probability 
5.3.1. Determination of the independent variables 
The correlation analysis was used to explore the variables related to the transportation 
mode choice and the preliminary selection of independent variables was conducted before the 
parameter estimation. It was discovered that age, monthly income, owning a car, mandatory 
travel, online ticketing, travel distance, travel cost, travel time, safety, comfort, punctuality, 
access time, access mode, access cost, departure time, and departure cost had a strong 
correlation with the travel mode choice. Only three variables of gender, occupation, and 
departure mode were not significantly related to the travel mode choice. 
Secondly, to avoid collinearity, typical indicators in each dimension were selected and put 
into the model as independent variables. The monthly income in the individual attribute 
dimension was highly correlated with the owned car and it was not included in the model. The 
access cost and the access mode in the access attribute dimension were all related to the access 
time, so the access cost and the access mode were not put in the model as independent variables. 
In the departure attribute dimension, the departure cost was highly correlated with departure 
time and, therefore, it was not selected. The inter-city travel cost and the inter-city travel time 
in the inter-city travel attribute dimension were highly correlated with the travel distance. To 
avoid the collinearity of the travel time and travel cost with the travel distance, the travel cost 
and the travel time were divided by the travel time, the rate per hundred kilometers and the 
inter-city travel time per hundred kilometers were generated and used in the model. 
Finally, a total of eleven indicators including age, car ownership, ticketing method, access 
time, travel purpose, travel distance, rate per hundred kilometers, inter-city travel time per 
hundred kilometers, comfort, punctuality, and departure time were tested. There was no 
obvious collinearity between them. The results of the collinearity test are shown in Table 13. 
The multicollinearity is often measured by the variance inflation factor (VIF). The larger the 
VIF is, the more severe the collinearity is. The VIF should generally not be greater than five. 
If the VIF is greater than ten, there is a suggestion of severe multicollinearity. 
  
 
Table 13 Multi-collinearity test results 
Variable Code VIF Variable Code VIF 
Age X1 1.109 
Inter-city travel time per hundred 
kilometers X7 1.168 
car ownership X2 1.088 Safety X8 1.214 
Ticketing method X3 1.151 Comfort X9 1.084 
Travel purpose X4 1.248 Punctuality X10 1.061 
Travel distance X5 1.64 Access time X11 1.119 
Rate per hundred 
kilometers X6 1.733 Departure time X12 1.109 
 
Therefore, eleven typical indicators including age, car ownership, ticketing method, travel 
purpose, travel distance, rate per hundred kilometers, inter-city travel time per hundred 
kilometers, safety, comfort, punctuality, access time, and departure time were finally selected 
and incorporated into the model. The ticketing method and car ownership were dummy 
variables, and the remaining variables were treated as continuous variables. 
 
5.3.2. Parameter estimation 
To explore the factors affecting the travel mode choice of the passengers for the express 
bus, airplane, HSR, or train, the BMNL model was established, taking the express bus as the 
reference mode. However, the affecting factors for the express bus choice behavior of the 
passengers could not be explored, so the BL model was established, taking the non-express bus 
as the reference, which was the total dataset including the airplane, HSR, and train. Table 14 
shows the estimation results of the BBL model parameters, and Table 15 shows the estimation 
results of the BMNL model parameters. In Tables 14 and 15, the mean is the average of the 
posterior distribution. S.D. refers to the standard deviation of the posterior distribution, 
describing the degree of variation of the parameters. 2.5% was the lower limit of the 95% 
confidence interval, and 97.5% was the upper limit of the 95% confidence interval. Because 
the variable confidence interval did not include 0, the factor was statistically significant when 
affecting passenger travel mode selection. If a variable confidence interval included 0, the 
variable was insignificant on the 95% confidence interval. Only the variables that were 
statistically significant were retained in Tables 14 and 15. 
 
Table 14 Parameter estimation of BBL model 
Variable Mean S.D. 2.5% 97.5% OR 
Age      
car ownership 0.9623  0.1574  0.6760  1.3108  2.6178  
Ticketing method -0.4302  0.0715  -0.5698  -0.2944  0.6504  
Travel purpose -0.2426  0.1262  -0.5003  -0.0049  0.7846  
  
Travel distance -0.0022  0.0003  -0.0028  -0.0017  0.9978  
Rate per hundred 
kilometers 
-0.0088  0.0036  -0.1617  -0.0022  0.9913  
Inter-city travel 
time per hundred 
kilometers 
0.1288  0.0522  0.0323  0.2408  1.1375  
Safety -0.2876  0.0994  -0.4753  -0.7986  0.7500  
Comfort -0.6472  0.1027  -0.8663  -0.4427  0.5235  
Punctuality -0.6525  0.0947  -0.8419  -0.4601  0.5207  
Access time -0.3797  0.0895  -0.5511  -0.2067  0.6841  
Departure time -0.2671  0.0868  -0.4297  -0.1072  0.7656  
_cons 6.8821  0.0125  6.6426  7.1411   
Note: parameters that were significant at the 95% critical level are showed in the table.  indicates that the 
factor is not significant and the parameters are not available. 
  
Table 15 Parameter estimation of BMNL model 
Variable 
Parameter estimation 
Airplane HSR Train 
Mean S.D. 2.5% 97.5% OR Mean S.D. 2.5% 97.5% OR Mean S.D. 2.5% 97.5% OR 
Age      0.1942  0.0749  0.0405  0.3337  1.2144       
car ownership      -0.5960  0.0994  -0.7882  -0.4044  0.5510  -0.9538  0.0421  -1.0359  -0.8734  0.3853  
Ticketing method 3.8131  0.1332  3.5586  4.1018  45.2892  0.8281  0.0934  0.6431  1.0062  2.2890       
Travel purpose 0.7851  0.2485  0.3147  1.2404  2.1926       0.1955  0.0556  0.0901  0.3030  1.2160  
Travel distance 0.0038  0.0004  0.0030  0.0046  1.0038  0.0020  0.0003  0.0015  0.0026  1.0020  0.0017  0.0002  0.0012  0.0022  1.0017  
Rate per hundred 
kilometers 0.0871  0.0077  0.0713  0.1012  1.0910  0.0432  0.0060  0.0324  0.0560  1.0442       
Inter-city travel 
time per hundred 
kilometers 
-8.7455  0.1195  -8.9800  -8.5236  0.0002  -1.7245  0.1056  -1.9392  -1.5208  0.1783       
Safety 0.5893  0.1837  0.2480  0.9574  1.8027  0.5618  0.1072  0.3484  0.7661  1.7538       
Comfort 0.8815  0.1638  0.5545  1.1699  2.4144  0.8454  0.0982  0.6583  1.0367  2.3288  0.4164  0.0354  0.3476  0.4874  1.5165  
Punctuality      0.9158  0.0978  0.7264  1.1095  2.4989  0.5721  0.0851  0.4111  0.7439  1.7720  
Access time 0.8085  0.2232  0.3784  1.2418  2.2445  0.3275  0.0803  0.1691  0.4843  1.3875  0.4134  0.0654  0.2801  0.5409  1.5119  
Departure time 0.9795  0.2082  0.5864  1.4188  2.6631  0.3310  0.0946  0.1515  0.5098  1.3924       
_cons -16.6255  0.1504  -16.8998  -16.3548   -10.8350  0.0566  -10.9427  -10.7273   -4.2930  0.0828  -4.4523  -4.1242   
Note: parameters that were significant at the 95% critical level are are showed in the table.  indicates that the factor is not significant and the parameters are not available. 
  
5.3.3. Choice probability 
According to the above parameter estimation results, the traffic mode choice 
probability expression was established for the BBL model and the BMNL model. 
(1) According to the parameter estimation results of the BBL model, the functional 
formulations of U4 and P4 were 
     
  (14) 
 ,                 (15) 
where: U4 - The utility function of the passenger express bus choice probability. 
P4 - The probability of passengers choosing the express bus. 
(2) The traffic mode choice probability formulation of the BMNL model was 
        
(16) 
, 
                    (17) 
 
, 
 
where: U1 - The utility function of the passenger airplane choice probability. 
U2 - The utility function of the passenger HSR choice probability. 
U3 - The utility function of the passenger train choice probability. 
P1 - The choice probability of the passengers choosing the airplane. 
P2 - The choice probability of the passengers choosing the HSR. 
P3—The choice probability of the passengers choosing the train. 
P4 - The choice probability of the passengers choosing the express bus. 
 
5.4. Model validation 
According to Formula (14) – Formula (17), we calculated the choice probability 
of each sample in the BBL model and the choice probability of each sample for the 
airplane, HSR, passenger train, and express bus in the BMNL model using STATA 
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software. Then we drew the ROC curves. The ROC curves of the calculation database 
using the BMNL models for the airplane, HSR, train, and express bus are shown in 
Figure 3, and the ROC curves of the validation database are shown in Figure 4. The 
ROC curves of the calculation and validation database using the BBL model are shown 
in Figure 5. The AUC values and the accuracy rates are shown in Table 16. The model 
had relatively high prediction accuracy and the accuracy rates had a descending order 
for the airplane, HSR, express bus, and train. 
Table 16 ROC evaluation of BBL and BMNL 
 
 
Figure 3 Multimodal ROC curves of calculation database using BMNL  
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Dataset Model 
Evaluation 
index 
Transportation modes 
Airplane HSR Train Express 
Bus Non-express bus 
Calcula
tion 
BBL AUC value  0.8797 
Accuracy rate  87.0% 
BMNL AUC value 0.9785 0.9263 0.8614 0.9025 
Accuracy rate 93.4% 82.1% 80.2% 87.6% 
Validat
ion 
BBL AUC value  0.8879 
Accuracy rate  88.3% 
BMNL AUC value 0.8728 0.7095 0.8144 0.8902 
Accuracy rate 77.4% 67.8% 75.9% 89.2% 
  
 
Figure 4 Multimodal ROC curves of validation database using BMNL 
 
 
 
Figure 5 ROC curves of Express bus for calculation & validation database using 
BBL  
 
5.5. OR and choice behavior 
The OR was estimated to evaluate the quantitative impact of each explanatory 
variable on the probability of the multimodal choice behavior. According to Eq. (13), 
the express bus was taken as a reference mode to calculate the OR of the variables that 
could effectively affect passengers' choice of airplane, HSR, or train. The calculation 
results are shown in Table 14. In addition, the three modes of the airplane, HSR, and 
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train were all used for the non-express bus. The non-express bus was also used as a 
reference mode to calculate the variables’ OR that affected the passengers' choice of the 
express bus. The results are shown in Table 15. According to the OR, the influence of 
each significant variable on the passenger multimodal choice behavior was analyzed as 
follows. 
(1) Passengers’ choice behavior in taking a plane compared with taking an 
express bus 
As shown in Table 15, compared with the express bus, the confidence intervals for 
the ticketing method, travel purpose, travel distance, rate, inter-city travel time per 
hundred kilometer, safety, comfort, access time, and departure time did not include 0, 
indicating that the above variables had a statistically significant effect on the 
passengers' choice of airplane travel. The confidence intervals for age, car ownership 
and punctuality included 0, indicating that the above variables had no statistically 
significant effect on passengers' choice of the airplane. 
The mean value of the ticketing method was positive, indicating that the online 
ticketing passengers were more likely to travel by airplane than the counter ticketing 
passengers were. The OR for the ticketing method was 45.2892, indicating that the 
online ticketing passengers were 45.2892 times more likely to take the airplane than the 
counter ticketing passengers were. The mean value of the travel purpose was positive, 
indicating that the mandatory passengers were more likely to travel by airplane than the 
leisure passengers were. The OR for the travel purpose was 2.1926, indicating that the 
mandatory passengers were 2.1926 times more likely to take an airplane than the leisure 
passengers were. 
The mean value of the travel distance was positive, indicating that the longer the 
travel distance was, the greater the probability was that the passengers would travel by 
plane. The OR for the travel distance was 1.038, indicating that for every 1 km increase 
in the travel distance, the odds of the passengers choosing the airplane increased by 
0.38%. The mean value of the rate was positive, indicating that the higher the rate was, 
the greater the probability was that the passengers would travel by plane. The OR for 
the rate per hundred kilometers was 1.0910, indicating that the rate increased by 1 yuan 
per hundred kilometers, and the odds of the passengers choosing the airplane increased 
by 9.10%. The mean value of the inter-city travel time per hundred kilometers was 
negative, indicating that the higher the inter-city travel time per hundred kilometers was, 
and the smaller the probability was that the passengers would the airplane. The OR for 
the inter-city travel time per hundred kilometers was 0.0002, indicating that the odds of 
passengers choosing the airplane decreased by 99.98% when the inter-city travel time 
per kilometer increased by 0.01 h/km. 
The mean value of the safety was positive, indicating that the higher the passenger's 
safety demand was, the more likely it was that the passenger would choose the airplane 
  
to travel. The OR for safety was 1.8027, indicating that for each additional unit of the 
passengers' safety demand, the odds of the passengers choosing the airplane increased 
by 80.27%. The mean value of comfort was positive, indicating that the higher the 
passenger's comfort demand was, the more likely the passenger was to choose the plane 
to travel. The OR of comfort was 2.4144, indicating that for each additional unit of the 
passengers' comfort demand, the odds of passengers choosing the airplane increased by 
141.44%. 
The mean value of the access time is positive, indicating that the longer the access 
time was, the more likely the passengers were to choose the plane to travel. The OR of 
the access time for the passengers' choice of an airplane was 2.2445, indicating that for 
every 30 minute increase in the access time, the odds of the passengers the choosing 
airplane increased by 124.45%. The mean value of the departure time was positive, 
indicating that the longer the departure time was, the more likely the passengers were 
to choose the plane to travel. The OR of the departure time was 2.6631, indicating that 
for every 30 minute increase in the departure time, the odds of the passengers choosing 
to travel by airplane increased by 166.31%. 
(2) Passengers’ choice behavior in taking HSR compared with the express bus 
As shown in Table 15, compared with the express bus, the confidence intervals for 
age, car ownership, ticketing method, travel distance, rate, inter-city travel time per 
hundred kilometers, safety, comfort, punctuality, access time, and departure time did 
not include 0, indicating that the above variables had a statistically significant effect on 
the passengers' choice of HSR. The confidence intervals for travel purpose included 0, 
indicating that the above variables had no statistically significant effect on the 
passengers' choice of HSR. 
The mean value of age was positive, indicating that the older the age was, the more 
likely the passenger was to choose HSR for travel. The OR for age was 1.2144, 
indicating that for every 10 years of age increase, the odds of the passengers choosing 
HSR increased by 21.44%. The mean value of car ownership had a negative value, 
indicating that the passengers with cars were more likely to choose the express bus than 
passengers without cars were. The OR of car ownership was 0.5510, indicating that the 
passengers with cars were 0.5510 times less likely to travel by HSR than the passenger 
without cars were. The positive mean value of the ticketing method showed that the 
online ticketing passengers were more likely to choose the HSR than the counter 
ticketing passengers were. The OR of the ticketing method was 2.2890, indicating that 
the online ticketing passengers were 2.2890 times more likely to travel by HSR travel 
than the counter ticketing passengers were. 
The mean value of the travel distance was positive, indicating that the longer the 
travel distance was, the greater the probability was that the passengers would travel by 
HSR. The OR of the travel distance was 1.0020, indicating that for every 1 km increase 
  
in the travel distance, the odds for the passenger's choice of HSR increased by 0.20%. 
The positive mean value of the rate indicated that the higher the rate was, the greater 
the probability was that the passenger would travel by HSR. The OR for the rate was 
1.0442, indicating that the rate increased by 0.01 yuan per kilometer, and the odds of 
the passengers choosing HSR increased by 4.42%. 
The mean value of inter-city travel time per hundred kilometers was negative, 
indicating that the larger the inter-city travel time per hundred kilometers was, the 
smaller the probability was that the passenger would choose HSR. The OR for the inter-
city travel time per hundred kilometers was 0.1783, indicating that the inter-city travel 
time per kilometer increased by 0.01 hours per kilometer, and the odds of the passengers 
choosing HSR were reduced by 82.17%. 
The mean value of safety was positive, indicating that the higher the passengers’ 
safety demands were, the more likely the passengers were to travel by HSR. The OR of 
safety was 1.7538, indicating that for each additional unit of the passengers' safety 
demands, the odds of the passengers choosing HSR increased by 75.38%. The mean 
value of comfort was positive, indicating that the higher the passengers’ comfort 
demands were, the more likely the passengers were to travel by HSR. The OR of 
comfort was 2.3288, indicating that for each additional unit of the passengers' comfort 
demands, the odds of the passengers choosing HSR increased by 132.88%. The mean 
value of comfort was positive, indicating that the higher the passengers’ punctuality 
demands were, the more likely the passengers were to travel by HSR. The OR of 
comfort was 2.4989, indicating that for each additional unit of the passengers' 
punctuality demands, the odds of the passengers choosing HSR increased by 149.89%. 
    The mean value of the access time was positive, indicating that the longer the 
access time was, the more likely the passengers were to travel by HSR. The OR of the 
access time was 1.3875, indicating that for every 30 minute increase in the access time, 
the odds of the passengers choosing HSR increased by 38.75%. The mean value of the 
departure time was positive, indicating that the longer the departure time was, the more 
likely the passengers were to travel by HSR. The OR of the departure time was 1.3924, 
indicating that for every 30 minute increase of the departure time, the odds of the 
passengers choosing HSR increased by 39.24%. 
(3) Passengers' choice behavior in taking the train compared with the express 
bus 
As shown in Table 15, compared with the express bus, the confidence intervals for 
car ownership, travel purpose, travel distance, comfort, punctuality, and access time did 
not include 0, indicating that the above variables had a statistically significant effect on 
the passengers' choice of train travel. The confidence intervals for age, ticketing method, 
rate, inter-city travel time per hundred kilometers, safety, and departure time included 
0, indicating that the above variables had no statistically significant effect on the 
  
passenger's choice of train. 
The mean value of car ownership was negative, indicating that passengers with 
cars were less likely to travel by train than passengers without cars were. The odds ratio 
of car ownership was 0.3853, indicating that the passengers with cars were 0.3854 times 
less likely to travel by train than the passengers without cars were. The mean value of 
the travel purpose was positive, indicating that the mandatory passengers were more 
likely to travel by train than the leisure passengers were. The OR for travel purpose was 
1.2160, indicating that the mandatory passengers were 1.2160 times more likely to 
travel by train than the leisure passengers were. 
The mean value of the travel distance was positive, indicating that the longer the 
travel distance was, the greater the probability was that the passengers would choose 
the train to travel. The OR for the travel distance was 1.0017, indicating that for every 
kilometer increase in the travel distance, the odds of the passengers choosing the train 
increased by 0.17%. 
The mean value of comfort was positive, indicating that the higher the passenger's 
requirements for comfort were, the more likely the passengers were to choose train 
travel. The OR for comfort was 1.5165, indicating that for each additional unit of the 
passenger's demand for comfort, the odds of the passengers choosing the train increased 
by 51.65%. The mean value of punctuality was positive, indicating that the higher the 
passenger's punctuality demands were, the more likely the passengers were to choose 
the train to travel. The OR of punctuality was 1.7720, indicating that for each additional 
unit of the passengers' demand for punctuality, the odds of the passengers choosing the 
will increased by 77.20%. 
The mean value of the access time was positive, indicating that the longer the 
access time was, the more likely the passengers were to choose the train to travel. The 
OR of the access time was 1.5119, indicating that for every 30 minutes of increase in 
the access time, the odds of the passengers choosing the train increased by 51.19%. 
(4) Passengers’ choice behavior in taking the express bus compared with the 
non-express bus 
As shown in Table 14, compared with the non-express bus, the confidence 
intervals for car ownership, ticketing method, travel purpose, travel distance, rate per 
hundred kilometers, intercity travel time per hundred kilometers, safety, comfort, 
punctuality, access time, and departure time did not include 0. This indicated that the 
above variables had a statistically significant influence on the passengers' choice of 
express bus travel. However, the confidence interval of age included 0, indicating that 
age had no statistically significant effect on the passengers' choice of express bus. 
The mean value of car ownership was positive, indicating that passengers with 
cars were more likely to choose the express bus compared with passengers without cars. 
The odds ratio of car ownership was 2.6178, indicating that the passengers with cars 
  
were 2.6178 times more likely to take the express bus compared with the passenger 
without cars. The mean value of the ticketing method was negative, indicating that 
online ticketing passengers were less likely to take the express bus than the counter 
ticketing passengers were. The OR of the ticketing method was 0.6504, indicating that 
the online ticketing passengers were 0.6504 times less likely to take the express bus 
than the counter ticketing passengers were. The mean value of the travel purpose was 
negative, indicating that the mandatory passengers were less likely to choose the 
express bus than the leisure passengers were. The odds ratio for the travel purpose is 
0.7846, indicating that the mandatory passengers were 0.7846 times less likely to take 
the express bus than the leisure passengers were. 
The mean value of the travel distance was negative, indicating that the longer the 
travel distance was, the smaller the probability was that the passenger would choose the 
express bus to travel. The OD for the travel distance was 0.9978, indicating that for 
every kilometer increase in the travel distance the odds of passengers choosing the 
express bus were reduced by 0.22%. The mean value of the rate was negative, indicating 
that the lower the rate was, the more likely it was that the passenger would travel by 
express bus. The OR for the rate was 0.9913, indicating that the rate increased by 1 
yuan per hundred kilometers, and the odds of passengers choosing the express bus 
decreased by 0.87%. The mean value of the intercity travel time per hundred kilometers 
was positive, indicating that the greater the intercity travel time per hundred kilometers 
was, the greater the probability was that the passenger would choose the express bus to 
travel. The OR of the intercity travel time per hundred kilometers was 1.1375, 
indicating that the intercity travel time per hundred kilometers increased by 0.01 hours 
per kilometer, and the odds of the passengers choosing the express bus increased by 
13.75%. 
The mean value of the safety was negative, indicating that the lower the 
passenger's safety requirements were, the more likely the passengers were to travel by 
express bus. The odds ratio of the safety was 0.7500, indicating that for each additional 
unit of the passengers' safety demand, the odds of passengers choosing the express bus 
were reduced by 25.00%. The mean value of comfort was negative, indicating that the 
lower the passenger's comfort demand was, the more likely the passenger was to travel 
by express bus. The odds ratio of comfort was 0.5235, indicating that for each additional 
unit of passengers' comfort demand, the odds of the passengers choosing the express 
bus were reduced by 47.65%. The mean value for the punctuality was negative, 
indicating that the lower the passenger's punctuality requirements were, the more likely 
the passenger was to travel by express bus. The odds ratio of the punctuality was 0.5207, 
indicating that for each additional unit of the passengers' demand for punctuality, the 
odds of the passengers choosing the express bus were reduced by 47.93%. 
The mean value of the access time was negative, indicating that the longer the 
  
access time was, the less likely the passenger was to travel by express bus. The OR for 
the access time was 0.6841, indicating that for every 30 minutes of increase for the 
access time the odds of the passengers choosing express bus travel were reduced by 
31.59%. The mean value of the departure time was negative, indicating that the longer 
the departure time was, the less likely the passenger were to travel by the express bus. 
The OR of the departure time was 0.7656, indicating that for every 30 minute increase 
of the departure time the odds of the passengers choosing the express bus were reduced 
by 23.44%. 
 
6. Discussion 
The purpose of this study was to examine and explore the key factors that influence 
the multimodal choice of passengers. In this analysis, in addition to the differences in 
the individual attributes of the passengers that led to different travel modes, the distance, 
the rate, the inter-city travel time per kilometer, the accessibility of the transportation 
hubs, the service level variables of the transportation modes, and the modes of ticketing 
had significant impacts on the domestic passengers’ travel modes choices in Xi’an. 
Distance is a very important factor. The average transportation distances of the 
passenger airplane, HSR, train, and express bus were 1392 km, 848 km, 648 km, and 
336 km, respectively. The airplane, HSR, and train had positive effects. The longer the 
distance was, the higher the probability was of passengers choosing to travel by air, 
followed by the HSR and the train. For every 1-km increase in distance, the OR of the 
passengers choosing air travel increased by 0.38% and the OR of choosing HSR and 
train increased by 0.20% and 0.17%. The above research can provide a reference for 
comprehensive transportation network planning and the setting of the transportation 
lines. China is currently carrying out massive HSR construction. HSR has its own 
advantageous transportation distance. Once the advantageous transportation distance is 
crossed, the passenger flow will be greatly reduced, which may cause a waste of 
resources. Therefore, when planning and designing the transportation lines, it is 
necessary to consider the advantageous transportation distance of the modes. 
Rate is another very important factor. In previous studies, researchers often 
included the cost in the model for processing, ignoring that the cost would vary with 
the distance traveled. Therefore, in order to more fundamentally look at the impact of 
cost on travel choices, this study included the rate per hundred kilometers in the model 
for research. According to the survey, the average fares for air travel, HSR, train, and 
the express bus were 705 yuan, 344 yuan, 151 yuan, and 90 yuan, respectively. The 
average rates per kilometer were 0.56, 0.47, 0.32, and 0.37 yuan/km, respectively. The 
modes associated with the rates from high to low were the airplane, HSR, express bus, 
  
and train. The statistical results showed that the rate had a significant positive impact 
on passengers' choice of airplane travel. The higher the rate was, the greater the 
probability was that passengers would choose aviation. For every 0.01 yuan/km 
increase in the passenger rates, the OR of the passenger air travel increased by 9.10%. 
The rate also had a significant impact on the passengers' choice of HSR travel. The 
higher the rate was, the greater the probability was that passengers would choose HSR. 
For every 0.01 yuan/km increase in the passenger rates, the OR of the passenger HSR 
travel increased by 4.42%. It is noteworthy that the rate had no significant impact on 
the passengers' choice of train travel, mainly due to the similar rates of the train and the 
express bus. These results show that transportation companies can attract tourists by 
adjusting fares, especially for different time periods, in order to develop differentiated 
fare policies that can effectively attract passengers. 
The inter-city travel time per hundred kilometers was also an important factor 
affecting passenger travel choice. The inter-city average travel times of the passenger 
airplane, HSR, train, and express bus were 2.98 h, 6.10 h, 9.17 h, 5.24 h, respectively, 
and the inter-city travel times per kilometer were 0.0024 h/km, 0.0090 h/km, 0.0179 
h/km, and 0.0206 h/km, respectively. The inter-city travel time per hundred kilometers 
had a significant negative impact on the passengers' choice of the airplane or HSR. The 
greater the inter-city travel time per hundred kilometers was, the smaller the probability 
was that the passengers would choose the airplane or HSR. For every 0.01 h/km 
increase in the inter-city travel time per kilometer, the odds of the passengers choosing 
the airplane or HSR were reduced by 99.98% and 82.17%, respectively. The inter-city 
travel time per hundred kilometers had no significant effect on the passengers' choice 
of train travel. These results showed that for the transportation companies, adjusting the 
inter-city travel time per kilometer was an important strategy for attracting passenger 
flow. Since the inter-city travel time per kilometer was largely determined by the 
running speed of the vehicle, improving the running speed of the vehicle played an 
important role in improving the competitiveness of the transportation modes. 
The accessibility of transportation hubs can also have an important impact on the 
choice of passengers' travel modes. In this study, the accessibility of the transportation 
hubs was mainly based on the access time and the departure time. The average access 
times of the passenger airplane, HSR, train, and express bus travel were 2.34, 1.97, 1.97, 
and 1.70, respectively. The access time had a significant positive impact on the 
passengers' choice of airplane travel. The longer the access time was, the greater the 
passenger's probability of choosing the plane to travel was. For every 30 minute 
increase in the access time, the probability of the passengers choosing to travel by 
airplane increased by 124.45%. The access time had a significant positive impact on 
the passengers' choice of HSR or the train. For every 30 minute increase in the access 
time, the probabilities of the passengers choosing HSR or the train increased by 38.75% 
  
and 51.19%, respectively. The departure time had a similar impact on the passenger 
travel modes. The departure time had a significant positive impact on the passenger's 
choice of airplane travel. The longer the departure time was, the greater the probability 
was that the passenger would choose flight. For every 30 minute increase in the access 
time, the probability of the passengers choosing to travel by air increased by 166.31%. 
The departure time had a significant positive impact on passengers' choice of HSR 
travel. For every 30 minute increase in departure time, the probability of the passengers 
choosing HSR increased by 39.24%. The accessibility of the transportation hubs was 
related to the layout of the transportation hubs and the connection mode of the 
transportation hubs. Therefore, improving the connection between the transportation 
hubs and the subway and the other transportation modes could further enhance its 
competitiveness. 
The quality of service in transportation modes, with aspects such as safety, comfort, 
and punctuality, was also an important factor affecting the choice of modes. The safety 
perception averages of passengers for the airplane, HSR, train, and express bus were 
4.2609, 4.3523, 3.9164, and 3.7628, respectively. This shows that passengers believed 
that HSR had the highest safety, followed by the airplane and train, and the express bus 
had the lowest belief in safety. The statistics show that safety had no significant impact 
on the passengers' choice of the train, but it had a significant impact on the passengers' 
choice of airplane and HSR travel. The higher the passenger's demand for safety was, 
the more likely they were to choose airplane and HSR travel. For each additional unit 
of demand for safety, the OR values for the passenger's choice of the airplane and HSR 
increased by 80.27% and 75.38%, respectively. 
The comfort averages of passengers’ perceptions for airplanes, HSR, trains, and 
express buses were 4.0807, 4.0596, 3.5819, and 3.2372, respectively. This shows that 
passengers thought that the comfort of the airplane and HSR was the highest, followed 
by the train, and the comfort of the express bus was the lowest. The statistics show that 
comfort had a significant positive impact on the passengers' choice of airplane, HSR, 
and train travel. The higher the passenger's demand for comfort was, the more likely 
they were to choose airplane, HSR, and train travel. For each additional unit of demand 
for comfort, the OR values for the passenger's choice of the airplane, HSR, and train 
increased by 141.44%, 132.88%, and 51.65%, respectively. 
The average punctualities of the passenger airplane, HSR, train, and express bus 
were 3.6832, 4.1030, 3.7793, and 3.4872, respectively. This shows that passengers 
believed that HSR had the highest punctuality, followed by the train and airplane, and 
the express bus had the lowest punctuality. The statistics show that punctuality had no 
significant impact on passengers' choice of airplane travel. Punctuality had a significant 
positive impact on the passengers' choice of HSR and train travel. The higher the 
passengers' demand for alignment was, the more likely they were to choose HSR and 
  
train travel. For each additional unit of punctuality demand, the OR for the passengers' 
choice of the HSR and the train increased by 149.89% and 77.20%, respectively. 
Finally, the proportions of the online ticketing for the passenger airplane, HSR, 
train, and express bus were 98.8%, 87.8%, 71.2%, and 59.0%, respectively. It is obvious 
that the express bus had a lower proportion of online ticketing. This may have been 
related to the individual attributes of passengers in different modes of transportation 
and related to the convenience of ticketing systems of different modes of transportation. 
At present, air tickets, HSR tickets, and train tickets in China can be purchased through 
Ctrip.com and 12306.com or a mobile phone app, and for the express bus, there is 
currently no uniform ticketing system in China. Therefore, for express bus 
transportation companies, improving the online accessibility of passenger tickets is 
conducive to improving their competitiveness. 
These findings may help transportation companies adjust their lines and provide 
strategies related to passenger travel mode selection needs. However, in the meantime, 
we also acknowledge that there are several limitations to this study. 
First, the adverse weather conditions at the destination and departure point may 
have an impact on the passenger's choice of travel modes, such as temperature, humidity, 
wind speed, rainfall, visibility, etc. However, this study did not consider the possible 
influence of the starting point and destination weather conditions on the travel mode 
choice of passengers. 
Second, although this study analyzed the influence degree of the odds ratio on the 
influencing factors, the analysis stayed at the statistical level and there was no 
measurement of the elastic value of the significant variables. The influencing factors 
have not been discussed from the perspective of economic significance. 
Third, despite the application of BMNL and BBL models in this study because they 
are known to have better prediction accuracy and performance, it might still be 
worthwhile to explore the comparison between them and other traditional methods such 
as the multinomial logistic and probit models. This could be conducted as a future study. 
In addition, the possible interactions between the influencing factors were not 
considered in this study. If the interaction between the indicators is considered, it may 
be possible to further clarify the heterogeneity of the influencing factors on multimodal 
choice. 
Finally, this study only uses the express bus as a reference method to explore the 
selection behavior of the passenger airplane, HSR, and train. In fact, different modes of 
transportation were used as a reference, and the factors influencing the choice of 
passenger travel modes were different. These need to be further explored in future 
research. 
 
  
7. Conclusion 
In this study, we conducted a comprehensive survey to investigate the mode choice 
behavior of domestic passengers in Xi’an city, China. The data were attained for 
airplanes, high-speed trains, passenger trains, and express buses from the perspective 
of the ticketing stage, access stage, inter-city travel stage, and departure stage. Bayesian 
binary logistic regression and Bayesian multinomial logistic regression were 
established and ROC curve and OR assessments were applied for model construction 
and validation. This study was designed to understand travel mode choice behavior in 
a Chinese city case study and the application of a Bayesian logistic regression model in 
the field of multimodal choice. This study has three conclusions. 
(1) This study systematically expanded the factors affecting the passengers’ travel 
mode choices from the perspective of passenger travel, including not only the individual 
attributes of the travelers and the travel demand attributes but also the passenger's 
ticketing attributes, access attributes, inter-city travel attributes, quality of service 
attributes, and departure attributes. The investigation showed that the factors of 
ticketing, travel distance, rate, and unit mileage consumption, which have been rarely 
discussed before, had significant impacts on passengers’ travel modes, and their 
influences on different modes of transportation varied. 
(2) Bayesian logistic regression was applied to assess the passenger traffic modes, 
and a ROC curve was used to evaluate the method. The results showed that the Bayesian 
logistic model showed good prediction accuracy and predictive ability. The AUC values 
of the airplane, HSR, train, and express bus in the BMNL model were 0.9785, 0.9263, 
0.8614, and 0.9025, respectively, indicating that the prediction accuracy of the BMNL 
model was very high. The AUC value of the express bus in the BBL model was 0.8797, 
and the BBL model showed strong prediction accuracy. The prediction accuracy of the 
express bus in the BMNL model was higher than the prediction accuracy of the express 
bus in the BBL model. 
(3) Due to the differences in passenger characteristics, service attributes, and 
accessibility of transportation hubs, different modes of transportation showed different 
advantages and disadvantages. The overall influencing factors were as follows: 
Compared with the express bus, ticketing method, travel purpose, travel distance, 
and rate per hundred kilometers, the inter-city travel time per hundred kilometer, safety, 
comfort, access time, and departure time had statistically significant impacts on the 
passengers' choice of airplane travel. There were no statistically significant effects 
related to age, car ownership, and punctuality. Age, car ownership, ticketing method, 
travel distance, rate per hundred kilometers, inter-city travel time per hundred 
kilometers, safety, comfort, punctuality, access time, and departure time all had a 
  
significant influence on passengers' choice of HSR travel. The travel purpose had no 
statistically significant effect. Car ownership, travel purpose, travel distance, comfort, 
punctuality, and access time had statistically significant impacts on the passengers' 
choice of the train. The age, ticketing method, rate per hundred kilometers, inter-city 
travel time per hundred kilometers, safety, and departure time have no statistically 
significant effects. Lastly, car ownership, ticketing method, travel purpose, travel 
distance, rate per hundred kilometers, inter-city travel time per hundred kilometer, 
safety, comfort, punctuality, access time, and departure time had statistically significant 
impacts on the passengers' choice of express bus travel. Age had no statistically 
significant impact on the passengers' choice of express bus travel. 
For future work, we will measure the marginal effect and elastic value of those 
significant variables from the perspective of economics, which is helpful in formulating 
the traffic demand management strategy accurately. In addition, the consideration of 
the interaction between the indicators could also be investigated in the future to further 
clarify the heterogeneity of the influencing factors on multimodal choice. 
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